The international transmission of knowledge through import spillovers, as a source of TFP growth, has received much attention in the literature. We investigate two additional direct channels through which R&D disseminates: the import of high-technology goods and the internationalization of business R&D. Building on an extensive dataset, covering both developing and industrial countries, we add foreign owned patents as a proxy for R&D activities of multinationals. While we confirm the significance of import spillovers for all countries included, we find additional spillovers for developing countries through the import of high-technology goods. Only developed economies seem to benefit from the diffusion of knowledge that originates through cross-border cooperation in R&D by multinationals.
Introduction
Investments in R&D are a significant driving force for a country's TFP growth (Bravo-Ortega and García Marín (2011) ). These investments benefit not only countries that perform such activities but also foreign countries via cross-border knowledge flows. Trade and foreign direct investment (FDI) are examples of channels for knowledge spillovers. A more recent trend is the increasing internationalization of business R&D, with cross-border flows of R&D and significant shares of domestic R&D performed by affiliates of foreign firms. Most R&D investments abroad still go to OECD countries, but, starting in the 1990s, emerging economies increasingly became attractive locations for R&D investments by multinationals from developed countries (OECD (2008) ). In particular, cross-border R&D cooperation within multinational companies is considered an ideal vehicle for the dissemination of knowledge. Coe and Helpman (1995) first suggested a simple equation relating domestic TFP to domestic and foreign R&D. Focusing on developed countries, they find a statistically significant relationship between the domestic and the foreign stock of R&D capital. Their seminal study was followed by a fair number of research papers that focused on the increase of knowledge through international R&D spillovers. They provide robust evidence that it is not only domestic but also foreign R&D capital that are significant determinants of TFP growth for developed countries. For developing countries, though, the evidence on the nexus between TFP, domestic and foreign R&D capital is much weaker. In the literature, imports and FDI are considered to be the most important channel of international knowledge spillovers. In addition to this channel, there are various other means through which knowledge can flow between countries: human mobility (e.g. student flows), scientific publications or conferences, patenting and licensing. But there are great difficulties in putting together comparable data for these channels for both developed and developing countries.
Several empirical studies investigate knowledge spillovers through the channel of imports in industrialized countries (see e.g. Engelbrecht (1997) , Keller (1998) , Lichtenberg and Pottelsberghe de la Potterie (1998), Madsen (2008) , Coe et al. (2009) ). Most of these studies find that foreign knowledge spillovers through imports are significant determinants of the level of TFP. FDI is also considered a main channel to generate technological externalities and increase product market competition, both of which boost productivity and growth. However, studies for OECD countries provide mixed evidence on the influence of knowledge spillovers through FDI on TFP (van Pottelsberghe and Lichtenberg (2001) , Lee (2006) ). The results of van Pottelsberghe and Lichtenberg (2001) for a panel of 13 industrialized countries indicate that FDI transfers technology, but only in one direction: a country's productivity is increased if it invests in R&D-intensive foreign countries but not if foreign R&D-intensive countries invest in it. In contrast, Bitzer and Kerekes (2008) find that spillovers of knowledge through inward FDI are significant determinants of productivity, while they could not identify any effects from knowledge spillovers through outward FDI.
For developing countries, evidence on the nexus between TFP, domestic and foreign R&D capital is less numerous. A study of 41 African countries between 1998 and 2006 finds that international trade remains an important conduit for technology transfer as characterized in the literature (Le (2012) ). In addition, there is evidence that student flows effectively facilitate international technology diffusion from industrialized countries to less developed countries in Africa (Le (2010) ). Further results indicate that the import channel is more conducive to knowledge spillovers than the FDI channel (Seck (2012) ).
Our study focuses on spillovers through foreign knowledge transfer via trade, FDI and the internationalization of business R&D using a panel of advanced and developing countries. Only few studies on international knowledge spillovers and productivity are based on such a mixed panel of countries (see e.g. Krammer (2010) , Ang and Madsen (2012) ). We extend the number of spillover measures for foreign R&D capital stocks proposed by various papers using two new transfer channels: imports of high-tech goods and R&D of foreign owned companies. Following Lichtenberg and Pottelsberghe de la Potterie (1998), the foreign knowledge stock is calculated using bilateral imports of high-tech goods weighted by the GDP of the partner country. Differences in the location of the patent owner and the respective inventor are used to measure cross-border knowledge flows via R&D of multinationals. These indicate R&D activities of foreign companies and potential spillovers on domestic companies. From the perspective of the host country, international R&D cooperation of multinational companies is an additional source of technological knowledge from abroad. Both transfer channels are new to the spillover literature. In contrast to the majority of studies, we measure R&D stocks through the number of patent applications (at the priority date), which serves as a proxy of R&D expenditures. Using patent data also provides the opportunity to obtain data on the domestic R&D stocks of developing countries.
We make use of patent data, provided by the OECD Patents Statistics, and follow Eberhardt et al. (2012) to estimate the panel cointegration relationship using common correlated effects estimators, as proposed by Pesaran (2006) . Taking into account cross-sectional dependence allows us to control for various types of unobserved heterogeneous influences on the countries' TFP levels, such as their different absorptive capacities. The literature on productivity enhancing R&D spillovers has, so far, missed out on this and mostly relied on traditional dynamic OLS (DOLS) or fully modified OLS (FMOLS) estimators, ignoring interdependencies among the explanatory variables.
Our estimates support the existence of spillovers through the import channel. In particular, the results suggest that imports of high-technology goods are beneficial for the productivity levels of developing countries. The internationalization of business R&D via respective activities of multinationals indicates a positive effect only for advanced economies, which suggests that this type of knowledge can only spillover above some development threshold level. FDI flows are only found to have a significant influence if crosssectional dependence is not taken into account. This result should, therefore, be treated with caution.
Interestingly, the domestic knowledge stock as measured by the stock of patents on domestic inventions, does not suggest to have a significant influence on the TFP level across the majority of our regressions.
This hints at the importance of foreign knowledge spillovers for the growth of a country's TFP, but, at the same time, also highlights the heterogeneous country coverage in our dataset. If the domestic knowledge stock is interacted with the dummy variable that labels developing countries, the coefficient for developed economies turns out significantly positive, whereas developing countries reflect no effect.
The lack of influence of the domestic R&D stock in our sample is, therefore, driven by the inclusion of low-income countries that largely source their productivity-increasing R&D through spillovers from high-technology imports.
The rest of our paper is structured as follows. Section 2 introduces the dataset and describes the variables of interest. Thereby, it also analyzes the time-series properties of the individual variables by testing for panel unit roots. In order to prepare for the econometric analysis in section 4, we describe the respective methodology in section 3. Section 5 concludes.
Data
We investigate the effect of international R&D spillovers on TFP. In particular, we model this type of knowledge transmission with data on the internationalization of R&D. The object of our investigation is the country and its level of TFP in particular. In the regression analysis we make use of data from 77 countries over a time-span of approximately 18 years between 1990 and 2008.
1 The country coverage is highly heterogeneous in terms of per-capita incomes, as we consider low-income countries such as Zimbabwe and Mozambique, as well as OECD member countries, such as Australia, Germany and Luxembourg. The countries further reflect a high level of diversity in the sectoral specialization, as e.g.
Kuwait and Qatar are included as representatives of high income resource rich economies. By increasing the heterogeneity of country characteristics in our data set, we aim to identify the R&D spillover channels that influence TFP in a wide array of countries.
The knowledge transfer between countries is measured through spillover variables that are described in section 2.2. They are based on a transmission channel and the stock of knowledge in partner country j at time t. This stock is calculated with the number of patent applications to the Patent Cooperation Note that this number is subject to availability of the respective explanatory variables. For the majority of our regressions, we can report either 75 or 77 countries. Note also that Table 12 in the appendix lists 106 countries. This number is based on all countries for which data on TFP and knowledge stock, as well as any other data, is provided. However, for some countries there is insufficient information and are excluded from the regressions. noted that several current PCT member states have become members in the 1990s and therefore data on PCT applications before 2000 should be treated with caution. The growth of patent counts may be overestimated due to multinationals in new member states that make increasingly use of this new form of applying for a patent. Nevertheless, our research question centers around the internationalization of business R&D. We do not assume that the extension of the PCT system influences the application of patents from multinationals, as these international cooperation patents are most likely applied for by multinational enterprises whose host countries have long been members of the PCT (such as OECD member countries). However, in order to control for this potential bias, we check for robustness in section 4 using only EPO patent applications. Data on patent applications to the EPO have its disadvantages in the potential home bias which refers to the higher propensity for European companies to apply for a patent at the EPO, compared to non-European firms. European applicants, and their cooperation in R&D with foreign inventors, may therefore be overrepresented in this sample.
We make use of the priority date instead of the date when the patent was granted, as the latter may come with a considerable lag. Priority dates refer to the first filing worldwide and are therefore the closest indicator of inventive activity in any given year, t (OECD (2009) 
Data sources
Our dependent variable describes the TFP for country i in year t. We generate this variable as an index that has a value of 100 for every country in 2000. For the preceding and succeeding years, we make use of TFP growth rates from the Conference Board's Total Economy Database, which provides information on the growth of TFP for a wide range of countries over the period of observation starting in 1990.
The growth rate measures the change in GDP growth over the compensation-share weighted growth of combined factor inputs (labor and capital inputs, adjusted for change in their quality). To obtain TFP growth estimates, a standard growth accounting framework is used by the Conference Board to compute the contribution of these inputs to aggregate output (GDP) growth. In the production function, output is a function of labor and labor quality, capital (ICT and non-ICT), and TFP. Note that this is a narrower definition of TFP than is commonly used. 
Spillover measures
For the analysis of R&D spillovers, we make use of four variables that describe potential spillovers from foreign R&D. The first two measures (total as well as R&D import spillovers) are referred to as spillovers from embodied R&D. The transmission channel of the foreign knowledge stock are imports.
We differentiate between total and R&D-intensive imports in order to filter out imported goods that are supposed to include a great amount of embodied knowledge. In comparison to the spillover variable that is constructed from total imports as the transmission channel, R&D imports may be expected to represent in greater detail the flow of knowledge between countries. The other two measures of foreign technology spillover refer to disembodied R&D, as the transmission channels are (1) FDI flows or (2) active cooperations in business R&D activities, which we measure as the stock of foreign ownership of domestic inventions.
We follow Lichtenberg and Pottelsberghe de la Potterie (1998) in the weighting scheme of the spillover variables. The stock of import (as well as R&D-import) spillovers therefore take the following form:
where S
Imp it
and S
R&DImp it
denote the stock of foreign patents that is transmitted by total (M ijt ) and R&D (R&DM ijt ) imports from country j to country i in period t. Y jt refers to the transmitting country's GDP and S In 2011, the group of developed countries were still responsible for around 82 percent of the world's outward FDI stocks (see UNCTAD FDI Statistics: http://unctadstat.unctad.org/TableViewer/tableView.aspx).
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On the one hand, Javorcik and Spatareanu (2005) note that export-oriented affiliates are more likely to use high-quality inputs, hence leading to higher learning effects for suppliers. On the other hand, Javorcik (2004) finds some evidence for a positive spillover effect of domestic-market oriented FDI on the host country's productivity.
GDP of the exporting country, instead of the total exports of country j. This approach replaces the share in total imports (between countries i and j ) with the share that the import value takes in the exporting countries' total produced output. 11 With respect to the disembodied channel of FDI, we employ the same method and replace the import value with the FDI flow:
F DI ijt denotes the outflow of FDI from country j that is designated for country i.
The spillover variable that is supposed to capture the cooperation between two countries in R&D is provided by the OECD's statistics on international cooperation in patents. The respective stock value is calculated as the cumulative number of patents invented by residents of country i, whose ownership rights belong to country j :
Note that for each stock variable, we include a depreciation factor equal to 0.15 according to the perpetual inventory method (PIM). The respective values in the literature depend on the countries, years and sectors under observation. 12 As mentioned in the previous sub-section, our period of observation starts in 1990.
For most countries though, information on the number of patent applications goes back to 1978. The starting value for the stock of patents, S d , therefore builds on the data until 1990. In the following, we test all variables against the null hypothesis of having a unit root using first-as well as second-generation PURT. For the former, we employ the test proposed by Im et al. (2003) for heterogeneous panels. 13 For the latter generation, we plot the results of the Pesaran test (Pesaran (2007) ). Panel A of Table ( 1) shows that most variables follow a unit root, based on the first generation PURT, with the exception of domestic patent applications (S d ). In contrast to these findings, the second generation PURT delivers more ambiguous results. This test allows for the inclusion of cross-sectional averages of the respective variable on the right-hand side of the ADF test statistic and thereby partially controls for the unobservable common factor. This is also the main difference between these two unit root tests. Therefore, we present (Panel B of Table (1)) the test statistics of the Pesaran test on crosssectional dependence in the respective series (Pesaran (2004) See Coe and Helpman (1995) for an application of the former approach.
Unit root and cointegration tests

12
See Bloom and Van Reenen (2002) on the productivity of British firms, using a depreciation rate of 30 percent or Bottazzi and Peri (2007) who use a PIM factor of 0.1. We run robustness checks with a depreciation rate of 0.2 without significantly altering the results.
indication of a common factor, driving the unit root in some of the variables. 14 In conclusion, the test statistics call for the use of appropriate specifications to avoid spurious regressions. Therefore, in the empirical analysis, we employ residual diagnostics to check whether the residuals are stationary, which should be the case if the respective variables are cointegrated.
Following standard procedure in a panel analysis that deals with non-stationary variables, we also look at the results of traditional cointegration estimation techniques. If a set of variables is found to be cointegrated, the DOLS estimator proposed by Stock and Watson (1993) is expected to be superior (especially in small samples) over alternative methods such as OLS.
15 Table 2 describes the panel cointegration test results for various model specifications, using two tests. The first, based on Pedroni (1999) , tests for the null hypothesis of no cointegration in heterogeneous panels. 16 Note that, as reported by Örsal (2007) , the respective panel ρ and group ρ statistics have low power in rejecting the null hypothesis if T is small.
Furthermore, due to the heterogeneous set of countries included in our dataset, we feel more confident with using the results from the group statistics as an indicator of a cointegration relationship. This is due to the implied flexibility in comparison to the panel tests where the residuals are normalized before the test statistic is computed. As a second cointegration test, Table 2 presents the results from the Kao (1999) test. This alternative test is based on the assumption of homogeneity across panels. The results from the seven Pedroni tests are mixed: For the most part, the panel statistics do not reject the hypothesis of no cointegration, while the group statistics largely advise us to make use of cointegration estimation techniques. Similarly, the Kao test rejects the null hypothesis of no cointegration for all models. Based on these test statistics, we cannot ignore the possibility of a cointegration relationship unequivocally.
17
The following section describes our econometric approach in the presence of cross-sectional dependent and non-stationary variables. We rely on post-estimation residual diagnostic tests in order to check for stationarity and cross-sectional dependence in the residual. 18 These tests then provide information on the quality of the underlying specification.
Specification
Based on the time-series and cross-sectional structure of our data, we have to choose from among the available econometric methods. System GMM (as proposed by Blundell and Bond (1998) The literature increasingly focuses on the regression misspecification that arises if common unobserved factors are not controlled for in the regression analysis of panel cointegration. We implement an estimation
14
We have also tested all variables of interest for a unit root in first-differences, in order to test for integration of the second order. The IPS test unanimously rejects the hypotesis of a unit root in first differences whereas the Pesaran test gives out more ambigious results regarding the two import and the FDI spillover variables.
15
If, in the presence of cross-sectional dependent variables, we find the residual to be non-stationary, the estimators proposed by Pesaran (2006) can account for the unobserved common factors and thereby correct for a missing cointegration relationship between the variables of interest. See section 3 for further discussion on the specifications.
16
Pedroni (1999) reports seven test statistics that can be split into Panel and Group statistics. The within tests assume that the AR(1) term in the cointegration regression is the same across cross-sections and the test statistics are computed by pooling along the time-series dimension. The group statistics pool accordingly along the cross-sectional dimension (group-mean). Rejection of the null hypothesis for the group statistics implies that there exists at least one cointegration relationship among the cross-sections.
17
Gutierrez (2003) states that, after testing both the Pedroni and Kao tests in a Monte Carlo simulation, the Kao test performs much better than Pedroni's test if the time-dimension is small, as it is the case for our study.
18
See Banerjee et al. (2010) for a study on testing residual properties in a panel data context.
strategy that sequentially controls for the effect of unobserved common factors on TFP and that is, thereby, robust against cross-sectional dependence. This method is proven to be robust against nonstationary regressors, even in the case of no cointegration relationship between the included variables (see Kapetanios et al. (2011) ).
In a two-way fixed effects regression, we only control for unobservables that are specific to each group, but constant across time (country fixed effects), or for unobservables that are common between groups but homogeneous in their effect on the dependent variable (year fixed effects). Additionally, there may be factors that are common to the cross-sections, but unobservable in their nature and heterogeneous in their effect on the dependent variable. If these factors are correlated with one of the covariates, this induces an endogeneity problem, as both the TFP level and the potential spillover effects are simultaneously affected. Thus, cross-sectional dependence introduces a source of bias and, increasingly so, with a higher correlation between the unobservable common factors and the covariates, which translates into the degree of unobserved cross-sectional dependence in the data. Furthermore, if the unobservable common factors are non-stationary, this may result in spurious regression.
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Exemplarily, we consider the following equation:
where the dependent variable y it is determined by common observable factors, such as d t as well as common unobservable factors, denoted by f t (with country specific factor loadings α i and γ i ). If d t and f t are correlated, an endogeneity problem arises and we end up with inconsistent estimates as the coefficient β i is not properly identified. Pesaran (2006) introduces a pooled common correlated effects (CCEP) estimator that controls for cross-sectional dependence via the inclusion of cross-sectional averages that are interacted with country dummies in order to allow for country-specific parameters of the crosssectional dependence. Nevertheless, this estimator does not control for heterogeneous slope parameters of the explanatory variables. In our context, heterogeneity in the slope coefficients may arise due to differences in absorptive capacity between countries. 20 Griffith et al. (2003) e.g. argue that the level of a country's TFP is also determined by its potential to absorb technology or to internalize the knowledge that was not created by the country itself. Some economies are better able to adapt to the knowledge gained from spillovers from multinationals. These activities by multinationals include exports and FDI, as well as the direct cooperation with a foreign affiliate in R&D. As our dataset includes both developed and developing economies, and hence a supposedly high level of heterogeneity in the absorptive capacity, we cannot claim that our available control variables fully capture all country characteristics. Pesaran (2006) additionally proposes a mean-group CCE estimator (CCEMG) that mixes the common factor approach of the CCE estimator with the mean-group estimator, proposed by Pesaran and Smith (1995) .
This mean-group estimator allows for heterogeneous slope parameters while it additionally controls for cross-sectional averages of the dependent and independent variables in the regression. It thereby accounts for the type of endogeneity that was addressed before, namely the correlation between the regressors and the error term, which is based on the common unobservable factors (Eberhardt and Bond (2009) ).
In equation 6, we state the basic econometric model (in the case presented here, e.g. the two-way fixedeffects model) that will be adjusted in the empirical analysis to fit the R&D spillover variables previously 
20
The notion of absorptive capacity is described by Cohen and Levinthal (1989) at the firm level. Abramovitz (1986) links the capability of a country to adapt technological changes to the country's level of education. :
inventions (S
where α i denotes a country-specific and δ t a year fixed-effect.
In the empirical part of this paper, we proceed as follows in order to sequently control for idiosyncratic and common unobservables: In the first step, a two-way fixed effects model serves as the baseline specification and panel unit root and cross-sectional dependence residual tests are performed to test the accuracy of the model. In order to take the cointegration relationship into account, we estimate a DOLS regression.
This method (see Stock and Watson (1993) , Saikkonen (1991) ), is considered to be superior in small samples, as opposed to other specifications such as OLS (Kao and Chiang (2001) ), even though it is based on the assumption of cross-sectional independence. 21 We then allow for pooled common correlated effects as well as the mean-group equivalent, as proposed by Pesaran (2006) .
4 Results
In the following, we present the results from the two-way fixed effects, DOLS, CCEP and CCEMG estimators. 23 For each specification, the results for knowledge spillovers on TFP through imports, R&D-imports, FDI, as well as foreign ownership of domestic inventions, are described. The residuals are then tested for non-stationarity and cross-sectional dependence in order to evaluate the quality of the respective results. Note that each of the aforementioned estimators differs in terms of their assumptions with respect to the handling of common correlated factors as well as dynamics. The unit root tests performed in section 2 support the assumption that our variables of interest exhibit non-stationarity and the respective cointegration tests cannot reject a cointegration relationship unanimously.
We begin with the fixed-effects model that accounts for unobserved time-invariant individual factors and common year effects. Table 3 shows quite clearly that our variables of interest, which describe the spillover effects, suggest a positive influence on the countries' TFP level. In contrast to this finding, we find ambiguous results with respect to the domestic knowledge stock. For some regressions, the respective coefficient even suggests a negative influence. The strongest spillover effects, in magnitude of the coefficient, can be found in the variables that include imports (in total, as well as R&D). As a measure of accuracy, the root mean squared error (rmse) indicates a good fit of the respective models.
Interestingly, the residual test on cross-sectional dependence does not reject the null hypothesis of crosssectional independence. The post-estimation test statistics reveal non-stationarity in the residual of all the regressions performed in Table 3 . The two-way fixed effects specification is not expected to deliver unbiased results due to the asymptotic bias if the regressors are not strictly exogenous (Pedroni (2001) ).
Therefore, in Table 4 , we show the results of the DOLS regressions, using two lags and leads for the variables in first-differences. Note that we were unable to capture post-estimation diagnostics for the PURT as well as for the test on cross-sectional dependence, as the time-series dimension of our dataset is too small (after the computing the leads and lags in the DOLS regressions) to properly compute the respective test statistics. The results, which have therefore to be considered with hindsight, confirm
21
The DOLS estimator consists of an OLS regression that additionally includes lags and leads of the first-differenced covariates.
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The regressions in the following section are computed using STATA 12 and user-written commands for the CCEP and CCEMG regressions (xtmg by Markus Eberhardt), as well as for the Pesaran PURT and test on cross-sectional independence (pescadf by Piotr Lewandowski and xtcd by Markus Eberhardt).
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DOLS: dynamic ordinary least squares, CCEP: pooled common correlated effects, CCEMG: mean group common correlated effects. All specifications in Tables 3-8 were estimated without a time trend.
the first impression from the two-way fixed effects model: the spillover variables are (highly) significant and point toward a TFP enhancing effect. Even if the effect of the spillovers is estimated jointly, their significance levels remain. Similar to Table 3 , an effect of the domestic patent stock cannot be confirmed.
This suggests that TFP growth is primarily affected by knowledge spillovers from abroad, rather than from the domestic R&D stock. The conclusion from these first two model specifications in Tables 3 and   4 would be to support the assertion that import spillovers matter the most for TFP growth, whereas we also find evidence for positive spillover effects from FDI and R&D-cooperation spillovers. The latter leads to an increase in the TFP level of 4.5 percent if the stock of foreign owned patents doubles. The respective increase is almost two percentage points larger for spillovers that are transmitted through FDI flows.
The approach proposed by Pesaran (2006) takes into account unobserved common factors and potential stationarity and non-stationarity of the included variables. In the following step, we apply the pooled CCE and its respective mean-group equivalent to our data. Table 5 In order to allow for even greater flexibility, we advance from the pooled CCE estimator to its mean-group equivalent.
24 The CCEMG implies OLS estimation for each cross-section and averages the resulting coefficients for the mean-group estimator, while it also includes the cross-sectional averages that were introduced in the pooled CCE. This allows for heterogeneity in the individual countries' parameters. The mean-group CCE regressions in Table 6 provide us with new findings: while the results again suggest a positive influence of overall import spillovers on TFP, R&D-intensive imports (as a sub-group of total imports) also indicate a TFP enhancing effect. The domestic patent stock again does seem to have any influence on the TFP. 25 The PURT and cross-sectional independence test-statistics for the residual reject the hypothesis of cross-section independence for the regressions of total as well as R&D imports, while also rejecting the hypothesis of a unit root for all models in Table 6 .
The results so far indicate that spillovers to TFP exist. They are most prominent for imports, hence through the embodied knowledge in the imported goods. However, the findings further suggest that R&D imports, as a subcategory of total imports, also have a significantly positive influence, just like spillovers weighted by FDI flows (for some of the regressions). Foreign ownership of domestic inventions partially reveals significant coefficients. In the following, we further want to exploit the heterogeneity in the country-coverage of our dataset. Therefore, we include a dummy variable that indicates whether country i was considered a developing country in period t. 26 We then interact this dummy with the respective spillover variables to check whether there exist different effects for these two groups. We use the pooled CCE specification for this purpose as it is shown to be robust in the presence of cross-sectional dependent as well as non-stationary variables. 27 The alternative mean-group estimator relies on the group specific
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Due to its problem with spurious regressions, we refrain from describing the results from the standard mean-group estimator, as proposed by Pesaran and Smith (1995) , but we refer the reader to the appendix (Table 9) for the respective results. In the appendix, you can also find Table 11 , which includes the regression results for the System GMM estimates. We do not describe the respective results in detail as this specification is highly sensitive with respect to the number of lags and instruments.
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The equivalent to the specification in Table 6 , including a time trend, can be found in Table 10 . The coefficients and significance levels all point towards the same direction. Accordingly, countries that were considered low-income and lower-middle income by the World Bank in period t are labeled developing whereas the upper-middle and high income countries are considered to be developed.
27
Compared to the mean-group CCE estimator, the pooled version has the additional advantage that it is expected to results and, hence, on the within variation of the regressors. The pooled equivalent of the cross-sectional dependence consistent estimator (CCEP) pools the data for estimation and therefore additionally includes the cross-sectional variation in the data.
The results in Table 7 clearly indicate a heterogeneous effect of R&D import spillovers. The marginal effect of a 100 percent increase in knowledge spillovers transmitted via R&D-intensive imports on the TFP level amounts to 5 percent for developing countries and only 1.7 percent for developed economies. Conversely, foreign ownership of domestic inventions suggests to have a converse effect on the two country groups: whereas we observe a significantly positive coefficient for developed economies, there is no indication of a benefit for developing countries from this sort of cooperation in R&D.
28 The post-estimation diagnostic tests suggest that we do not have to deal with non-stationary or cross-sectional dependent residuals, similar to the CCEP estimates without interaction terms in Table 5 .
To evaluate the validity of our results, we rely on the residual diagnostic tests on stationarity and cross-sectional dependence. Even though the two-way fixed effects model exposes interesting correlations (highly significant coefficients throughout all of our spillover variables), we are forced to reject this specification due to non-stationary residuals. Similar findings, regarding the coefficients, are delivered using dynamic OLS, which is expected to be unbiased if a cointegration relationship exists among the included variables. Due to the presence of cross-sectionally dependent variables (see Table 1 ) and the partially ambiguous cointegration test statistics in Table 2 , we proceed to pooled CCE, which is expected to be robust even if the included variables are not cointegrated. The statistically significant regressors are then reduced to the import spillover variables. CCEMG regressions underline this finding but additionally suggest positive spillovers via R&D-intensive imports and foreign ownership of domestic inventions. Interaction effects that discriminate between developed and developing countries further signal stronger spillovers though imports of R&D-intensive goods for the latter group of countries, whereas the former group benefits more through the internationalization of R&D via foreign ownership of the domestic inventions. According to our estimations, the domestic R&D stock does not indicate any positive influence on a country's TFP. Yet, we have estimated a regression in which we interact the domestic knowledge stock with the dummy variable that labels countries as developed/industrialized. 29 We find that, as soon as we discriminate between these two groups of countries, the coefficient for the domestic patent stock of developed countries becomes significantly positive, whereas we cannot identify any effect for the developing countries.
The regression results so far are based on domestic and foreign knowledge stocks, measured through the application of PCT patents. As a robustness check, we provide results based on the knowledge stock, as measured through patent applications to the EPO. 30 The data coverage is comparable to the PCT case. We replicate the estimates for the Tables discussed, for patents applied to the PCT for the EPO patent data. Overall, the results do not differ in terms of coefficient signs, significance levels and residual diagnostic tests. We refrain from a full description of the respective Tables but rather focus on a single specification that we think nicely sums up the main results. The previous Table (Table 7) indicates a difference in the effect of R&D import spillovers and foreign ownership of domestic inventions for higher and lower per-capita income countries. A replication of this specification, using EPO patent data, is presented in Table 8 . The similarity of the results in evident from the signs and significance levels.
There is some evidence that R&D imports have a stronger effect on the TFP in developing countries.
In contrast to the findings based on PCT data, we do not find any significant positive influence of perform better in small samples (Pesaran (2006) ).
28
The respective interaction term is not significant. The resulting marginal effect does have a positive sign but without any statistical significance.
29
The respective regression results are available upon request.
30
Note that EPO patents suffer from a home bias, as European applicants have a higher propensity to apply for a patent at the EPO that non-European applicants.
the variables denoting foreign ownership of domestic inventions, neither for developing nor developed economies.
Conclusion
This paper analyzes the effect of spillovers through the import of R&D-intensive goods and R&D of foreign-owned firms. In order to take the R&D activity into account, we make use of data on patent applications filed under the PCT. Data from the EPO is used for as a robustness check. In our empirical analysis, we employ various specifications that take into account the non-stationarity of our data. Given that we cannot exclude cross-sectional dependence, common correlated effects estimators, as proposed by Pesaran (2006) , are employed due to robustness against unobservable interdependencies in the crosssections.
According to the different specifications, we can assert that spillovers through the import channel seem to matter for TFP growth. We thereby confirm previous findings in the literature (e.g. Madsen (2008 ), Coe et al. (2009 ). Depending on the applied specification, R&D-intensive imports are conducive for increasing TFP, especially for developing countries. This is consistent with findings that stress the relevance of R&D-intensive capital goods imports for developing countries (Hoekman et al. (2005) ). The internationalization of business R&D via respective activities of multinationals only indicates a positive effect for advanced economies, which suggests that this type of knowledge spills over above some development threshold level. FDI flows are only found to have a significant influence if cross-sectional dependence is not taken into account. This result should therefore be treated with caution. Interestingly, the domestic knowledge stock, as measured by the stock of patents on domestic inventions, does not suggest a significant influence on the TFP level across the majority of our regressions. This hints at the importance of foreign knowledge spillovers for the growth of a country's TFP, 31 but also brings back in mind the heterogeneous country coverage in our dataset. The interaction of the domestic knowledge stock with the dummy variable that labels developing countries results in a significantly positive coefficient for developed economies, while we find no effect for developing countries.
Our results add to the empirical literature on R&D spillover effects by including a highly heterogeneous set of countries. Furthermore, we approximate the respective countries' R&D stocks with the number of patent applications. This abstracts from the conventional approach of using R&D expenditures but largely confirms the existing results on import spillover effects. The result that R&D-intensive imports are relevant for the dissemination of knowledge towards developing countries is novel, as well as the indication that R&D of foreign owned firms is beneficial to the TFP growth of developed countries. Our results imply that liberalization of trade should be promoted in developing countries to enhance their TFP.
Especially trade barriers on imports of R&D intensive goods should be removed. The internationalization of R&D in multinational companies is a relatively new channel through which knowledge spreads across industrialized countries. In these countries, a research policy that aims at attracting and better embedding foreign-controlled R&D into the national innovation system would support international R&D spillovers.
Nevertheless, we should note that our measure of the knowledge stock based on European PCT applications is far from perfect. Simple patent counts are only a weak proxy for the input of R&D because they reflect not only variations in innovative performance but also in the propensity to patent (de Rassenfosse and van Pottelsberghe (2009) trade should be taken into account, given that appropriate data is available, as its weight in international commerce has increased substantially. Standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01 Notes: Country and year fixed-effects included. "Dom. Patents" denotes the number of domestic patents, "Imports", "R&D Imports" and "FDI" denote spillover effects from foreign knowledge transmitted via total, R&D-intensive imports and FDI respectively. "FODI" refers to "Foreign ownership of domestic inventions" and the associated spillover effect. "rmse" denotes the root-mean-square error. Standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01 Notes: Year fixed-effects included. "Dom. Patents" denotes the number of domestic patents, "Imports", "R&D Imports" and "FDI" denote spillover effects from foreign knowledge transmitted via total, R&D-intensive imports and FDI respectively. "FODI" refers to "Foreign ownership of domestic inventions" and the associated spillover effect. "rmse" denotes the root-mean-square error. Standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01 Notes: Country and year fixed-effects included. CCE: common correlated effects (estimator). "Dom.
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Patents" denotes the number of domestic patents, "Imports", "R&D Imports" and "FDI" denote spillover effects from foreign knowledge transmitted via total, R&D-intensive imports and FDI respectively. "FODI" refers to "Foreign ownership of domestic inventions" and the associated spillover effect. "rmse" denotes the root-mean-square error. Standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01 Notes: Trend included. CCE: common correlated effects (estimator). "Dom. Patents" denotes the number of domestic patents, "Imports", "R&D Imports" and "FDI" denote spillover effects from foreign knowledge transmitted via total, R&D-intensive imports and FDI respectively. "FODI" refers to "Foreign ownership of domestic inventions" and the associated spillover effect. Notes: Country and year fixed-effects included. CCE: common correlated effects (estimator). "Dom. Patents" denotes the number of domestic patents, "Imports", "R&D Imports" and "FDI" denote spillover effects from foreign knowledge transmitted via total, R&D-intensive imports and FDI respectively. "FODI" refers to "Foreign ownership of domestic inventions" and the associated spillover effect. "rmse" denotes the root-mean-square error. Standard errors in parentheses Country and year fixed-effects included * p < 0.1, * * p < 0.05, * * * p < 0.01
Notes: Country and year fixed-effects included. CCE: common correlated effects (estimator). "Dom. Patents" denotes the number of domestic patents, "Imports", "R&D Imports" and "FDI" denote spillover effects from foreign knowledge transmitted via total, R&D-intensive imports and FDI respectively. "FODI" refers to "Foreign ownership of domestic inventions" and the associated spillover effect. "rmse" denotes the root-mean-square error. Standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01 Notes: Trend included. "Dom. Patents" denotes the number of domestic patents, "Imports", "R&D Imports"
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and "FDI" denote spillover effects from foreign knowledge transmitted via total, R&D-intensive imports and FDI respectively. "FODI" refers to "Foreign ownership of domestic inventions" and the associated spillover effect. Standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01 Notes: Trend included. CCE: common correlated effects (estimator). "Dom. Patents" denotes the number of domestic patents, "Imports", "R&D Imports" and "FDI" denote spillover effects from foreign knowledge transmitted via total, R&D-intensive imports and FDI respectively. "FODI" refers to "Foreign ownership of domestic inventions" and the associated spillover effect. Standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01 Notes: "Dom. Patents" denotes the number of domestic patents, "Imports", "R&D Imports" and "FDI" denote spillover effects from foreign knowledge transmitted via total, R&D-intensive imports and FDI respectively. "FODI" refers to "Foreign ownership of domestic inventions" and the associated spillover effect. "hansenp" plots the p-value of the Hansen (Null hyp.: over-id restrictions valid) and "ar2p" the p-value of the autocorrelation test of order 2 (Null hyp.: no autocorrelation). 
